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In this work, we have implemented a method which uses structural information from 1H NMR spectra of
fatty esters and biodiesels to infer the corresponding Cetane Number (CN). The method consists of the
successive application of Principal Component Analysis (PCA), Fuzzy Clustering and a feed-forward
Artiﬁcial Neural Network (ANN) to the data set. PCA recognized redundant information, and determined
the number of clusters for subsequent Fuzzy Clustering classiﬁcation. At the ﬁnal stage ANN used mem-
bership values from the Fuzzy Clustering process as inputs to predict the cetane number of different types
of biodiesel (complex mixtures) from data of pure substances (esters). Root-mean-square deviations were
in the range of 0.2–2.4.
 2012 Elsevier Ltd. All rights reserved.1. Introduction
Specialists suggest that current oil and gas reserves would be
enough to last only a few more decades. To deal with the rising
energy demand and declining petroleum reserves, fuels from
renewable stocks such as ethanol, biodiesel, and hydrogen are at
the forefront of alternative technologies [1–4].
The most accepted deﬁnition of biodiesel is stated at European
Union technical regulation EN 14214 (2005) or in the USA in ASTM
6751-02. As a result of this highly strict description only methyl
esters of fatty acids conform to these deﬁnitions, nevertheless the
term ‘‘biodiesel’’ is spread out to other alkyl fatty esters [5,6]. Some
countries have adopted bioethanol for replacement of methanol inll rights reserved.
mistry – State University of
az, Barão Geraldo, Campinas,
3083; fax: +55 19 35213023.
. Miranda).biodiesel transesteriﬁcation and thus assuring a fully biological
fuel. Of course, such position brings some problems in fulﬁlling
technical requirements of EN 14214 or ASTM 6751-02. Biodiesel
is actually a less complex mixture than petrodiesel, but different
feedstock origins and the effect of seasonality may impose difﬁcul-
ties in fuel quality control. Since biodiesel is an alternative diesel
fuel derived from the transesteriﬁcation of triacylglycerol com-
prised materials, such as vegetable oils or animal fats, with simple
alcohols to furnish the correspondingmono-alkyl esters, its compo-
sition depends on the raw material used, the cultivated area
location, and harvest time [7,8]. The choice of the raw material is
usually the most important factor for ﬂuctuations of biodiesel com-
position, because different vegetable oils and animal fats may con-
tain different types of fatty acids. Important properties of this fuel
vary signiﬁcantly with the composition of the mixture. Cetane
number, melting point, degree of saturation, density, cloud point,
pour point, viscosity, and nitrogen oxides exhaust emission (NOx),
for instance, deserve to be mentioned [9,10]. For these reasons, in
Fig. 1. Graphical summarizing the classiﬁcation step through PCA.
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ties have been developed to infer the quality of these fuels [11–13].
One of the most important fuel quality indicators is the Cetane
Number (CN), however its experimental determination may be an
expensive and lengthy task. To weaken situation concerning bio-
diesel the availability of data in the literature is also scarce. In such
a scenario, the use of reliable models to predict the cetane number
or any other essential characteristic may be of great utility [14–18].
CN is a dimensionless parameter used to correlate the ignition
delay time of a fuel upon injection into the combustion chamber.
A high cetane number implies a shortening of the ignition delay
time, and is correlated with reduced nitrogen oxides (NOx) exhaust
emission [19]. Biodiesel has several advantages in comparison to
mineral diesel, but a prominent exception is its NOx exhaust emis-
sion rate [19,20].
In this work we have correlated the CN of single mono-alkyl
esters of fatty acids and mixtures of them (biodiesels) with struc-
tural characteristics achieved by hydrogen nuclear magnetic reso-
nance spectra (1H NMR). This was done through the application of
a three stages process, combining statistical tools, fuzzy logic and
artiﬁcial neural networks.2. Material and method
2.1. Sample Preparation
Fatty acid esters were prepared by alkylation of the fatty acid
potassium salt by the corresponding alkyl bromide in N,N-dimeth-
ylformamide as described elsewhere [21]. Methyl and ethyl esters
from linoleic and linolenic acid were purchased from Fluka or
Sigma–Aldrich respectively.2.2. Spectral data
1H NMR FID of prepared fatty esters were acquired in deuter-
ated chloroform solution at a JEOL Eclipse + 400 spectrometer
and processed with Delta NMR software version 4.3.6. 1H NMR
spectral data from Spectral Database for Organic CompoundsTable 1
Cetane number of common fatty esters found in literature [25].
Ester type Cetane number of different fatty esters [25]
Myristic Palmitic Palmitoleic
Methyl 66.2 85.9 51.0
Ethyl 66.9 93.1
Propyl 71.0 85.0
Isopropyl 82.6
Butyl 73.0 91.9
Isobutyl 83.6
2-Ethylhexyl 98.2(SDBS) [22], as well as 1H NMR spectra simulated with gNMR
5.0.6 [23], were also used.
2.3. Data processing and analysis
Data processing was carried out with the software R, an envi-
ronment for statistical computing and graphics [24], and related
packages (stats, cluster and ANN) developed by R users commu-
nity. R is freely distributed under GNU General Public License, with
thorough documentation, and supported by a highly active user’s
network. Data processing was developed in three steps, as
sketched in Fig. 1:
 Exploratory analysis through PCA.
 Data set categorization through Fuzzy Clustering.
 Predictive modeling through a back propagation Neural
Network.
2.4. Data
The data set was composed by chemical shift and signal integra-
tion of 35 fatty esters (Table 1) and 9 biodiesels (Table 2) 1H NMR
spectra. Values for cetane numbers were collected from the litera-
ture as indicated.
3. Results and discussion
Despite all problems concerning to fatty acid composition
described above, structural variation at the fatty acid moiety is
somewhat limited. Typical variation is observed at carbon chain
length (C16–C22), presence of one or more C@C cis double bond,
and the presence of hydroxyl group (usually at position 9)
[1,6,8,9]. As described elsewhere, oxidation rates of organic com-
pounds have a good correlation with the strengths of the weakest
CAH bonds in the molecule [26,27]. Considering these two points,
we aimed to correlate the effect of these structural variations with
the CAH bond weakening and then infer fatty ester and biodiesel
CN. In order to increase the usefulness of this approach, we also
have drawn a parallel between CAH bond strength and its chemi-
cal shift in 1H NMR spectra as shown in Tables 3 and 4. Not only
does 1H NMR spectroscopy furnishes good quantitation of fatty
acid composition, normally in good agreement with other methods
such as GC, but is also useful for samples that are not amenable to
GC analysis [28]. Fortunately, in the case of alkyl fatty esters, NMR
spectroscopy presents good line separation for hydrogens in differ-
ent chemical environments as well. Even for equipments with low-
er magnetic ﬁeld (for example a 5.9 T equipment for 250 MHz 1H
NMR spectra instead 9.4 T equipment for 400 MHz 1H NMR spectra
as used in this work) lines are suitably separated to afford this
analyses (Table 3 and Fig. 2).
All spectra were divided into seven different regions (Table 3) as
follows: A (d = 0.85–1.28 ppm), B (d = 1.29–1.84 ppm), C (d = 1.85–
2.14 ppm), D (d = 2.15–2.49 ppm), E (d = 2.50–3.49 ppm), F
(d = 3.50–4.49 ppm), and G (d = 4.50–7.00 ppm). Each regionStearic Oleic Linoleic Linolenic Erucic
101.0 59.3 28.5 20.6 76.0
97.7 67.8 39.6 22.7
90.9 58.8 44.0 26.7
96.5 86.6
92.5 61.6 53.5 26.8
99.3 59.6
115.5 88.2
Table 2
Cetane numbers of some biodiesel [25].
Biodiesel
type
Cetane number of different raw material biodiesels [25]
Safﬂower Rapeseed Palm Soybean Sunﬂower Cottonseed
Methyl 49.8 54.4 46.2 46.6 51.2
Ethyl 56.2 48.2
Isopropyl 52.6
Butyl 51.7
Table 3
Chemical shift regions of the 1H NMR spectra and C–H dissociation energy according
to Refs. [26,27]. Each region was chosen to represent distinct hydrogen chemical
environment in usual fatty esters. Chemical shift is expressed in ppm and dissociation
energy in kJ mol1.
Spectral
region
Chemical
environment
Chemical shift
(ppm)
C–H dissociation energy
(kJ mol1)
A Terminal methyl 0.85–1.28 420–422 [26,27]
B Parafﬁnic 1.29–1.84 410–415 [26,27]
C Allylic 1.85–2.14 344–349 [26,27]
D a-Carbonylic 2.15–2.49 395–398 [26,27]
E Bisallylic 2.50–3.49 318–324 [26,27]
F Carbinolic 3.50–4.49 392–394 [26,27]
G Vinylic 4.50–7.00 428–479 [25,26]
Fig. 2. Experimental (upper panel) and simulated (lower panel) 1H NMR spectra of
ethyl linoleate. Experimental spectrum was acquired in deuterated chloroform
solution at a JEOL Eclipse + 400 spectrometer and processed with Delta NMR
software version 4.3.6. Simulated spectrum was created using gNMR 5.0.6 software.
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ters: terminal methyl (A), parafﬁnic (B), allylic (C), a-carbonylic (D),
bisallylic (E), carbinolic (F), and vinylic (G), respectively. The data set
was pre-processed through the integration of the signal in each
region of the spectra. For different biodiesels the average percentage
of each constituent ester was also considered (Table 4). Finally, each
data entry was considered as a vector with seven components, and
normalized to unit length.
Initially, data set contained spectra both acquired for us and
obtained from SDBS [22]. All these spectra and also few less acces-
sible fatty esters spectra were simulated with gNMR 5.0.6 [23], an
open source software, with a very close resemblance among theo-
retical and experimental spectra [29]. Fig. 2 shows experimental
and simulated spectra of ethyl linoleate as examples to illustrate
this close agreement, thus justifying the use of simulated data.
Since some spectra were from synthetic samples and others re-
trieved from databases, we have decided to use only simulated
spectra to generate the ﬁnal input data matrix to all compounds
in order to avoid data heterogeneity. When both methods were ap-
plied simultaneously, theoretical and experimental spectra of the
same compounds are virtually indistinguishable (see Fig. 2 for an
example). This approach normalized spectral noise and line width,Table 4
Major fatty acids composition (in wt%) of some common oils used on this study [6,25,30,3
Biodiesel Methyl
safﬂower
Meth
cottoRaw material
Fatty acid composition(% range). [25] Myristic – 0.8–
Palmitic 6.4–7.0 22.0–
Stearic 2.4–29.0 2.6–
Oleic 9.7–13.8 18.0–
Linoleic 75.3–80.5 50.0–
Linolenic – –
Erucic – –
Normalized 1H NMR signal integration by
regions
A 0.0953 0.07
B 0.0870 0.08
C 0.0447 0.03
D 0.0580 0.05
E 0.1012 0.08
F 0.5264 0.58
G 0.0870 0.08allowing also the swelling of the input data set with minimal, if
any, loss of accuracy.
Principal Component Analysis indicated the existence of ﬁve
principal components among the seven initial entries as can be
seen at Fig. 3, where the sum of the ﬁrst two principal components
is equivalent to 83.65% of the total variance. While larger contribu-
tions are useful to disclose data correlations, the minor ones are
associated principally to noise, but also to faint or sporadic events.
Therefore, it is important to deﬁne properly the threshold limit
from which PC’s will be considered, since important information
can be lost. In this in case, data originating from simulated spectra
does not present noise. This may explain the reason for autovalues
associated to components 6 and 7 be null (Fig. 3).
Fig. 4 presents the 2D scatter plot of the two principal compo-
nents, Component 1 (PC1)  Component 2 (PC2) correlation, which
shows that good data discrimination can be visualized by this
method. Esters with similar chemical structures are near among
themselves engendering four different clusters of data. As can be
seen, not only homologous esters are grouped together but also
biofuels are brought jointly to their principal constituent (see
Fig. 4 and Table 2). A closer look at Fig. 4 shows that PC1 axis is
mainly governed by number of C@C double bonds, where an in-
crease in number of unsaturations leads to a decrease of the charac-
ter value. On the other hand, PC2 axis is mostly restrained by the
chemical structure of the moiety derived from the alcohol, where
this characteristic is inﬂuenced by the chain size and the number1].
yl
nseed
Methyl
rapeseed
Methyl
sunﬂower
Methyl
soybean
Ethyl
palm
1.5 1.0–2.0 – – 0.6–2.4
24.0 1.0–4.7 3.5–6.5 2.3–11.0 32.0–46.4
5.0 1–3.5 1.3–5.6 2.4–6.0 4.0–6.3
20.0 13.0–38.0 14.0–43.0 22.0–30.8 37.0–53.0
52.5 9.5–22.0 44.0–68.7 49.0–53.0 6.0–12.0
1.0–10.0 – 2.0–10.5 –
40.0–64.0 – – –
17 0.0631 0.0869 0.0901 0.0337
70 0.0773 0.0862 0.0867 0.0540
05 0.0153 0.0342 0.0396 0.005
80 0.0515 0.0575 0.0578 0.0540
22 0.0955 0.1052 0.1009 0.0574
32 0.6196 0.5434 0.5377 0.7146
70 0.0773 0.0862 0.0867 0.0810
Fig. 3. Plot of CN variance vs. component contribution after PCA treatment.
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ing data processing, in this case there was good discrimination
since the sum of these two principal components forecasts 83.65%
of the variance of the system. This result is in accordance with
the previous work of Knothe and coworkers, which pointed out
the importance of these parameters as essential for biodiesel CN
[19,25,30,31]. Since PCA analysis highlighted ﬁve principal compo-
nents, we applied this value to establish the number of clusters to
be created by Fuzzy Clustering Analysis. Such approach furnished
ﬁve different clusters, in which the principal discriminator factor
was the number of C@C double bonds afresh. As input data contains
information only about esters with zero, one, two and three C@C
double bonds, a ﬁfth group must be created by a splitting from
the prior ones. In a different way from other classiﬁcation methods,
Fuzzy Clustering gives a pertinence function to each element which
permits coexistence in two or more different clusters. Thus, asFig. 4. 2D scatter plot of CN data set distributioshown at Fig. 5, in addition to the previous four groups, the group
that contains saturated esters was then split in two. Such division
occurred based on a combination of two characteristics: the size
of saturated fat acid moiety, and also the size of the alcohol moiety
and its number of branches.
Fig. 5 clearly shows that this splitting is not complete, and there
is an intersection area between them generating three different
regions. There is a region containing saturated fatty esters of low
mass alcohols (methyl and ethyl), a second area encompassing
the esters of medium sized branched alcohols (2-ethylhexyl, iso-
propyl and isobutyl), and the merged region of the esters of med-
ium sized alcohols (propyl and butyl). It is worthy to mention that
once again the two principal discrimination criteria were the num-
ber of C@C double bonds, and the chemical structure of the moiety
derived from alcohols, with the ﬁrst condition being more promi-
nent than the second. Also, in a similar way, different biodiesels
were positioned close to their principal constituent.
After the classiﬁcation step, data were submitted to a feed-
forward back propagation neural network for the prediction of
the cetane number. A three layer perception network with super-
vised error back-propagation training was used. The number of
neurons in the input layer was equal to the number of clusters
and the input data was the matrix of membership values resulting
from the Fuzzy Clustering stage. The hidden layer was composed of
nine neurons, and the output layer has a single neuron, corre-
sponding to the cetane number. A sigmoidal activation function
(hyperbolic tangent) was also used. The membership value data
set was divided into two subsets: the ﬁrst containing esters (a
35  5 matrix) to train the network, and the other with biodiesels
(a 9  5 matrix) to validate the model. Table 5 shows the obtained
results which exhibit a remarkable agreement with respect to the
values collected from the literature. Calculated cetane numbers for
biodiesels have root-mean-square deviations in between 0.2 and
2.4 when compared to experimental data [6,19,25,30,31].n at PC1  PC2 surface after PCA treatment.
Fig. 5. 2D scatter plot of CN data set distribution at PC1  PC2 surface after Fuzzy Clustering Analysis.
Table 5
Calculated and experimental cetane number values. Experimental data were acquired
from Refs. [6,19,25,30,31].
Biodiesel Cetane number values
Experimental Predicted RMS deviation
Cottonseed (methyl) 51.2 [25] 51.0 0.2
Rapeseed (methyl) 54.4 [25] 52.0 2.4
Safﬂower (methyl) 49.8 [25] 50.5 0.7
Soybean (methyl) 46.2 [25] 47.9 1.7
Sunﬂower (methyl) 46.6 [25] 48.3 1.7
Palm (ethyl) 56.2 [25] 54.4 1.8
Soybean (ethyl) 48.2 [25] 49.5 1.3
Soybean (isopropyl) 52.6 [25] 51.1 1.5
Soybean (butyl) 51.7 [25] 51.0 0.7
D.V. Nadai et al. / Fuel 105 (2013) 325–330 3294. Conclusion
The number of hydrogen nuclei in a determined chemical envi-
ronment of different fatty esters obtained by NMR was used as in-
put data for PCA and Fuzzy Clustering Analysis, and correlated to
cetane number values from the literature. Five principal compo-
nents arose from PCA, and Fuzzy Clustering Analysis grouped all
members in a systematic way. Both treatments pointed to two
major characteristics as determinants for the cetane number val-
ues: the number of carbon–carbon double bonds and the structure
of alcohol moiety in each fatty ester. Neural Networks predicted
cetane number quantitatively, and root-mean-square deviations
were in the range of 0.2–2.4.
Results described here provide relevant information for the fur-
ther development of analytical models addressing the quality of
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